
The Architectural 
Decisions That 
Determine Enterprise 
AI Quality in 
Production

Practical framework that separates 
enterprise AI that works in production 
from AI that doesn't.



As enterprise AI initiatives mature, the 
conversation is becoming less about whether 
organizations can use AI and more about what 
determines whether it delivers reliable results 
in production.



Model selection is part of that discussion. So 
are data quality, governance, integration 
strategy, security, and operating costs. Yet 
across many enterprise environments, another 
pattern is becoming visible: systems built on 
similar models can produce very different 
outcomes once they encounter real users, 
business processes, and operational 
constraints.

The gap often comes from architectural 
choices that are difficult to evaluate in a demo 
but decisive in production.



In this whitepaper, we examine four connected 
areas that have an outsized influence on AI 
quality in production environments: how 
enterprise knowledge is retrieved, how complex 
requests are coordinated, how outputs are 
verified, and how model use is governed under 
real cost and quality constraints.



Drawing on architectural patterns, industry 
observations, and practical scenarios from 
enterprise ecommerce, we look at the 
questions technology leaders should ask when 
evaluating AI solutions beyond the model itself.
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Why AI 
Systems 
Behave 
Differently in 
Production

Enterprise AI quality is often discussed as if it 
were mainly a model-selection problem. In 
reality, once the baseline capability is good 
enough, the harder question is how the system 
around the model shapes each answer.



In one system, a user question may be routed to 
the right source, grounded in current data, 
validated against the evidence, and logged for 
improvement. In another, the same question 
may be answered from nearby content that 
sounds relevant but misses the rule, 
relationship, or current state that matters.



That difference is architectural. It comes from 
decisions about knowledge preparation, 
retrieval paths, execution logic, verification, 
monitoring, and cost control. 



This is why production quality cannot be judged 
only by whether an answer sounds correct. The 
most dangerous failures are often plausible: a 
coherent response, a relevant reference, and a 
conclusion that is still not safe enough for the 
decision in front of the user.



Once this is understood, the focus moves away 
from output quality in isolation and toward the 
architectural points where meaning, trust, and 
reliability are shaped.

Sharp systems come 

from sharp teams.

Follow us on LinkedIn for grounded 
insights on building with clarity — 
from architecture to culture.

join!
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The Limits of 
Semantic-
Only Retrieval 
in Enterprise 
Systems

 At a high level, many architectures still treat 
retrieval as a single semantic search step: find 
the most relevant content and pass it to the 
model. This works reasonably well when 
questions are conceptual and loosely defined.



Operational environments are different. Queries 
often involve exact rules, relationships, 
permissions, effective dates, and current state. 
In that context, weak ingestion and semantic-
only retrieval create the same problem: the 
system finds content about the topic, but not 
necessarily the evidence needed for a reliable 
answer.

When AI systems move into production, 
retrieval becomes the first point where 
system behavior starts to diverge from user 
intent. But the quality ceiling is often set even 
earlier: by how enterprise data is prepared for 
retrieval.

Core Mechanism Specifics

At the center of many enterprise retrieval 
systems sit two assumptions: that data can be 
split into searchable fragments without losing 
meaning, and that semantic similarity is 
enough to decide what should be used in 
generation. Both assumptions make retrieval 
easier to scale, but both introduce limitations 
that compound in production.



If source content is chunked mechanically, the 
system may lose the boundaries that made the 
knowledge trustworthy in the first place: a 
pricing table separated from its conditions, a 
policy clause separated from its exception, or a 
product hierarchy flattened into disconnected 
text. Then, before retrieval even begins, the 
system has already lost part of the answer.
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The Limits of Semantic-Only Retrieval

Where retrieval precision is often lost

AI behavior often needs tuning after it meets 
real traffic, real content, and real customer 
behavior. Model choices, prompt structure, 
provider APIs, and output rules can change 
faster than the core platform planning cycle.

When these steps are treated as one uniform 
path, the system does not distinguish between 
fundamentally different knowledge needs. A 
pricing rule lookup, an explanation of pricing 
logic, and a request for current product 
availability may all be treated as variations of 
the same retrieval problem.   

Ingestion and parsing: enterprise content is 
converted into retrievable formats, 
sometimes without preserving structure, 
metadata, version, or effective dates.

Chunking and indexing: documents are split 
and embedded, but important boundaries 
such as tables, clauses, categories, and 
dependencies may be weakened.

Query interpretation: user input is converted 
into a semantic representation, often without 
distinguishing whether the user needs a rule, 
relationship, live state, or explanation.

Retrieval selection: the system retrieves 
nearby content from one default mechanism, 
even when another access pattern would be 
more reliable.

Context assembly: retrieved fragments are 
combined into a single context window, 
which can make partial evidence look 
complete. 

Response generation: the model produces a 
fluent answer optimized for coherence, not 
necessarily for the correctness of the 
operational requirement.

This limitation becomes even more pronounced 
when retrieval needs to operate across 
different types of enterprise knowledge, not 
just within a single semantic space.

Structural Assumptions 
Behind Retrieval Behavior

The failure in retrieval does not come from a 
single weak step in the pipeline. It comes from 
structural assumptions that sit underneath the 
system and reinforce each other in production.



Structure lost during ingestion: The system 
treats documents as interchangeable text 
fragments instead of preserving the source 
structure that makes the knowledge usable: 
tables, hierarchies, clauses, versions, 
ownership, and effective dates.   

      

Single retrieval mechanism assumption: The 
architecture assumes one retrieval approach 
can serve all knowledge types, which results in 
too many queries being routed through vector-
based similarity search by default.     

How it looks in an ecommerce scenario  


A merchandising manager asks which 
products qualify for a promotional 
discount. The system retrieves policy-
related documents, identifies 
semantically relevant sections, and 
produces a general explanation of the 
promotion. The response is fluent, but it 
does not contain the exact eligibility rules 
and effective conditions required for a 
decision.
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The Limits of Semantic-Only Retrieval

This mismatch becomes clear when the system 
is forced to operate across different kinds of 
enterprise knowledge:

	Conceptual knowledge, such as policy 
explanations, FAQ-style answers, or product 
discovery, is often well served by vector 
search and reranking.

The Knowledge Retrieval Layer connects raw 
enterprise data to model-facing context. Its 
role is to ground outputs in factual, structured, 
relational, and current information so that 
generation is constrained by system truth, not 
just semantic similarity.

Core components

These knowledge types often coexist within the 
same AI experience. Treating them all as a 
single search problem consistently retrieves 
content that is related to the topic rather than 
authoritative for the decision.



The result is a consistent production pattern: 
the retrieved context appears valid, but is not 
reliably correct for the task it is used to solve. 

Knowledge Retrieval Layer 
as the Foundation of System 
Correctness

Relational knowledge, such as product 
hierarchies, supplier dependencies, bundles, 
compatibility rules, or compliance chains, 
needs graph-based traversal or another 
structure-aware mechanism. This is not a 
blanket upgrade over vector search; it is a 
better fit for questions where relationships 
are the point.

	Exact or live knowledge, such as pricing 
rules, contractual terms, current inventory, 
or order status, needs structured lookup or 
permissioned access to the system of record.

Data Pipelines: Ingest, parse, and transform 
raw enterprise data into retrievable formats 
while preserving meaningful boundaries such 
as tables, clauses, categories, relationships, 
source, version, and effective dates.    



Embedding and Vector Search: Convert 
unstructured content into vector 
representations used for conceptual similarity, 
especially where the user is asking for 
explanation, discovery, or broad matching.   

 

Graph or Structured Retrieval: Preserve 
entities, relationships, and rules that cannot be 
reliably reconstructed from nearby text alone, 
such as product hierarchies, supplier 
dependencies, eligibility rules, and compliance 
constraints. 

   

Live System Access: Retrieve volatile or 
permission-sensitive data from systems of 
record at query time instead of copying it into a 
static index. Standards such as MCP can 
support this access pattern, but MCP is not a 
retrieval algorithm; it is a way to expose live 
systems and actions to compatible AI 
applications under defined permissions.

In production AI architectures, retrieval should 
exist as a dedicated system layer with defined 
responsibilities, data preparation rules, storage 
primitives, and consistency expectations rather 
than as a single algorithmic step.

These are not interchangeable options. They 
represent different definitions of relevance 
depending on the type of knowledge being 
accessed. This separation only works if the 
data preserves enough structure before it 
enters the system.
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The Limits of Semantic-Only Retrieval

Retrieval mechanism design target

In simple terms, the rule is intent classification 
before retrieval.



Rather than immediately converting every 
query into a vector, the system first determines 
what kind of answer is required. Only then does 
it select the access pattern: vector search for 
conceptual or single-hop queries, graph or 
structured retrieval for relational and rule-
based ones, and live access for the current 
operational state. Retrieval follows intent, not a 
uniform default.



In this setup, vector search is not a bad 
retrieval, and graph search is not a universal 
optimization. They serve different categories of 
correctness.

Making Retrieval Self-
Correcting

Even a well-routed retrieval layer will 
sometimes return weak, partial, or ambiguous 
evidence. The production question is what the 
system does next. It should not generate from 
thin context simply because something was 
retrieved.

Patterns such as corrective retrieval and self-
checking retrieval address this at a high level: 
evaluate the evidence before generation, and 
take a different action when confidence is low.

The approach keeps retrieval from becoming a 
silent source of plausible but unsupported 
answers. The system treats weak evidence as a 
signal to act differently, not as material to 
smooth over in generation.

This resolves the first-order failure in 
enterprise retrieval. But it only addresses what 
the system sees. It does not yet address how 
the system behaves when a query cannot be 
answered in a single retrieval step. Some 
queries are not retrieval problems at all. They 
are workflow problems.

Re-rank or widen the search when the 
retrieved context is relevant but incomplete.

Switch access patterns when the query 
needs relationships, exact rules, or live state 
rather than nearby text.

Ask for clarification or escalate when the 
system cannot identify a reliable path to an 
answer.     

Semantic retrieval is only as reliable 
as the data behind it. Discover how 
structured enterprise data becomes 
the foundation for consistent AI 
decision quality.
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The Orchestration Problem: 
When Retrieval Alone Is Not 
Enough
Once retrieval is working correctly, a different 
class of failure becomes visible. Many 
enterprise queries are not asking only what the 
answer is. They are asking what needs to 
happen. In these cases, improving prompts or 
adding more retrieved context does not change 
the outcome: the system is attempting to 
resolve a workflow with a single response step.



This is where orchestration becomes the 
defining layer of system behavior.

Constraint alignment: ensuring that cost, 
delivery time, and compliance requirements 
are evaluated under consistent assumptions.

Comparative evaluation: assessing 
alternative suppliers against the same 
criteria rather than in isolation.

Synthesis into a decision: combining all 
signals into a coherent recommendation that 
reflects trade-offs, not just summaries.

Core Mechanism Specifics

In enterprise ecommerce environments, a large 
share of incoming requests are not single 
questions with a single correct answer. They are 
decision-shaped workflows that combine 
multiple constraints, data sources, and 
evaluation steps within one expression of 
intent.



A request such as "What should we do about this 
supplier, given current lead times, contract 
terms, and the risk profile of alternative 
options?" illustrates this clearly. This query 
spans several different types of work: 

Input decomposition: separating supplier 
performance signals, contractual 
constraints, and alternative sourcing options 
into distinct analytical components.

Cross-system grounding: retrieving relevant 
data from procurement systems, contract 
repositories, and logistics tracking sources.

Correctness here depends not only on what 
information is retrieved, but on whether the 
system can coordinate the sequence of 
operations required to turn that information 
into a decision. A single retrieval step followed 
by generation cannot do this reliably, regardless 
of model capability. 

Why Orchestration Decisions 
Cannot Be Left Implicit

Beyond decomposing tasks, orchestration has 
another responsibility: deciding how a request 
should be executed. The same incoming query 
may require a simple lookup, a multi-step 
workflow, clarification, or escalation to a human 
reviewer, depending on its complexity, risk level, 
and ambiguity.



This creates a more subtle design requirement: 
the system must select not only what to do, but 
also how the work should flow.
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The Orchestration Problem

In practice, when this decision layer is not 
explicit, orchestration tends to collapse into a 
single default pattern. Every request is 
processed as if it can be handled through the 
same execution mode: a single agent or a 
single linear pipeline.



Over time, this leads to two systemic 
consequences. First, operational inefficiency 
increases as lightweight tasks are over-
orchestrated. Second, reliability decreases in 
complex scenarios because coordination, 
validation, and oversight are not explicitly 
activated when needed.

This is the missing layer that separates systems 
that simply respond from systems that choose 
how to operate before responding.

Orchestration Layer as the 
Decision Engine of Execution

In production AI architectures, the 
orchestration layer exists as a dedicated 
decision layer between retrieval and response 
generation. Its responsibility is not to answer 
questions directly, but to determine how 
different categories of work should be 
executed.

Confidence as a routing signal: 
Confidence thresholds should control 
orchestration, not just classification. 
When confidence is below a defined 
threshold, the system should not 
proceed as if the path is clear. It should 
switch to clarification, re-retrieval, or 
human escalation. In orchestration, 
asking is more reliable than guessing 
when the intent or execution path is 
uncertain.

Core responsibilities  

This means a complex request is not handled as 
a single operation. For example, a supplier 
decision query is first interpreted as a multi-
part problem, then decomposed into retrieving 
contract constraints, extracting current lead 
times, and identifying alternative suppliers. 
These parts are processed independently by 
specialized functions, and the orchestration 
layer then consolidates the results into a single 
coherent recommendation.

 

This resolves the second major architectural 
failure in enterprise AI systems. But even well-
designed retrieval and orchestration layers face 
a different challenge once they enter 
production: not whether they work at launch, 
but whether they continue to work over time.

Query routing: determines upfront if a 
request is a simple lookup, a multi-step 
workflow, a live action, or needs human 
review, defining the execution path and 
coordination required before processing.

Task decomposition: breaks complex 
requests into smaller units for specialized 
processing. These units run in parallel (if 
independent) or in sequence (if dependent), 
with explicitly managed handoffs to ensure 
reliable results.

Human escalation: routes uncertain, 
ambiguous, or high-risk requests to 
clarification or human review instead of 
forcing system-generated assumptions. Low 
confidence becomes a routing trigger, not a 
fallback for generation. 

Response synthesis: combines outputs from 
multiple steps or processes into a single final 
response. The result is assembled from 
intermediate outputs rather than generated 
in a single pass.
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How to 
Protect 
Reliability 
Over Time
Retrieval and orchestration failures are 
usually design mistakes. But reliability 
challenges continue after launch, as new 
query patterns appear, data changes, model 
behavior shifts, and edge cases accumulate.

The Nature of Performance 
Degradation

One of the most misleading characteristics of 
enterprise AI systems is that degradation rarely 
appears as a clear failure.



Consider a product compliance assistant used 
by merchandising and supplier management 
teams. As regulations change, new product 
categories are introduced, and supplier 
documentation evolves, the system begins 
receiving requests that differ from those it 
handled successfully at launch. Some 
responses become less accurate. Certain 
queries require clarification that the system 
does not request. A growing number of users 
manually verify outputs before acting on them.   
 

Nothing in the interface signals that quality is 
declining. The evidence exists only in the 
system's behavior over time.



This creates an architectural requirement: 
every interaction must become a source of 
operational insight, not just a completed 
transaction.

Complex decisions require more than 
a single execution path. Explore how 
isolating responsibilities across 
system components improves 
reliability in multi-step AI workflows.
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How to Protect Reliability Over Time

The Hidden Cost of Fixing Edge 
Cases Through Complexity

When teams notice degradation, the instinct is 
usually to expand the system. When a new 
query does not fit cleanly into the existing 
taxonomy, the natural response is to create a 
new category, rule, or prompt adjustment and 
teach the system how to recognize it.



But in practice, this can make the system 
worse. A classification model distinguishes 
intents based on its training data. Adding a new 
category forces the model to make finer 
distinctions using that same data pool, which is 
now spread thin across more categories. 
Consequently, classification confidence drops 
across the entire system, not just for the new 
category.

  

The result is a paradox: the architecture 
becomes more complex while system reliability 
declines.

Validation, Traceability, and 
Observability as the 
Feedback Layer of AI Systems

In production AI architectures, observability is 
not a monitoring feature added after 
deployment. 

Clarification as a first step: 
When uncertainty appears, the better 
response is often to ask the user for 
additional context. Taxonomies should 
evolve only when production evidence 
consistently demonstrates the need for 
a distinct category, not when isolated 
exceptions appear.

This layer has three connected responsibilities: 
stopping unsupported answers before they 
reach users, making each answer traceable to 
the evidence behind it, and generating the 
operational data required to improve the 
system over time.

Core responsibilities  

Validation and monitoring operate at different 
points in the lifecycle of a response. Validation 
works in-line during execution. Its purpose is to 
stop answers that are ungrounded, incomplete, 
or unsafe before they reach the user.



Monitoring works across the system over time. 
Its purpose is to identify performance shifts, 
confidence degradation, routing failures, rising 
escalation rates, cost anomalies, and emerging 
patterns that may not be visible within 
individual interactions.

Output validation: evaluates responses 
before they reach users, checking whether 
claims are supported by retrieved evidence 
and preventing incorrect, incomplete, or 
policy-violating outputs from leaving the 
system.

System monitoring: tracks retrieval 
behavior, workflow paths, validation results, 
quality trends, cost signals, and user 
behavior over time to identify degradation 
and drift.

Traceability and interaction logging: records 
classification decisions, retrieval paths, 
source references, workflow execution, 
validation outcomes, and responses as an 
auditable operational history. 

Continuous improvement analysis: uses 
production interaction data to identify 
recurring failure patterns and guide 
architectural improvements without adding 
unnecessary complexity.
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How to Protect Reliability Over Time

Traceability is equally crucial. By logging every 
decision, from confidence scores and retrieval 
paths to validation results, you create an 
operational record. This dataset reveals exactly 
where the system underperforms, where users 
struggle, and where architectural 
improvements are needed.

What good measurement looks like

A reliable production system measures quality 
at the stage where failure occurs, instead of 
relying on a single end-to-end score.

Retrieval quality: whether the system found 
the right evidence, using signals such as 
context precision, context recall, or recall at 
top results.     

Generation quality: whether the answer is 
grounded in the retrieved evidence, with 
citation coverage and hallucination rate 
tracked for high-risk responses.

Execution quality: whether the right 
workflow path was selected, including 
clarification, escalation, and human review 
when confidence is low.

	Production behavior: where users rephrase, 
override, verify manually, or abandon the 
interaction, turning real usage into evidence 
for improvement.

Operational signals: latency, cost, escalation 
rate, and model path, so quality and 
efficiency can be evaluated together.

These records provide the evidence needed to 
separate isolated incidents from systemic 
issues, replacing intuition with data. In 
production, tracking how quality changes over 
time is often more valuable than achieving 
perfection on day one.
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Model 
Strategy, 
Cost, and 
Quality Gates
The model is not a one-time architectural 
choice made at the start of an AI initiative. In 
production, model use becomes an operating 
decision: which model should handle this 
request, under what cost profile, and with 
what quality threshold before the answer is 
trusted.



Using the strongest model for every request 
is simple, but it is rarely the most sustainable 
design. Using the cheapest model everywhere 
is risky. Production systems need a control 
layer that can match request complexity, 
business risk, latency, and cost to the right 
execution path.

Core Mechanism Specifics

In enterprise ecommerce, the difference is 
clear. A routine product Q&A, a warranty lookup, 
and an order-status question may happen at 
high volume and usually do not require the most 
expensive model. A complex return dispute, 
B2B quote configuration, or compliance-
sensitive product claim may be lower volume 
but higher risk.



A single model path treats these requests as 
economically and operationally equivalent. A 
production-grade architecture treats them 
differently:

Request classification: identify whether the 
task is routine, complex, ambiguous, high-
risk, or dependent on live systems.  

Tiered model routing: send simpler work to 
faster or lower-cost models while reserving 
stronger models for requests that require 
deeper reasoning or higher assurance.    

Cascade escalation: start with a lighter path 
when appropriate, then escalate only when 
validation, confidence, or risk signals show 
that the answer is not good enough.

Caching and reuse: avoid paying repeatedly 
for stable prompts, repeated queries, or 
deterministic answers that can be safely 
reused.     

Quality gates: combining all signals into a 
coherent recommendation that reflects 
trade-offs, not just summaries.

The goal is not to minimize cost in isolation. It is 
to find the cheapest path that still meets the 
quality requirement. Otherwise, the 
architecture saves money in the model layer 
and buys the cost back through rework, manual 
verification, user distrust, or operational risk.
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Model Strategy, Cost, and Quality Gates    

Model Routing as a 
Production Control Layer

Model routing becomes a governance function 
when it is connected to validation, 
observability, and cost monitoring. A routing 
decision should not be invisible. Teams need to 
know which path was selected, why it was 
selected, whether it passed validation, and how 
its cost and escalation rate change over time.

Core responsibilities

Route by complexity and risk, not only by 
cost.

Use validation outcomes to decide when a 
cheaper path is sufficient and when 
escalation is required.

Monitor escalation rate as both a quality 
signal and a cost signal.

Cache stable or repeated work without 
caching volatile answers that should come 
from live systems.

Keep model decisions auditable alongside 
retrieval paths, workflow execution, and final 
responses.

This completes the production quality picture. 
Retrieval determines whether the system sees 
the right evidence. Orchestration determines 
how work is executed. Verification and 
measurement determine whether outputs can 
be trusted and improved. Model strategy 
determines whether the system can maintain 
that quality under real cost, latency, and scale 
constraints.



Quality should be enforced before cost savings 
reach users. Treat model routing as a 
production control layer, not just a budget lever.
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Five Questions to Ask Before 
You Trust the Architecture
The architectural decisions that determine AI performance in production are often difficult to see 
from a product demo alone. Systems can appear capable during evaluation while relying on 
assumptions that become visible only under real data, real users, and real operational constraints. 
The following questions are designed to surface those assumptions.

1. How does the system prepare and 
retrieve knowledge before the model 
generates an answer?

Reveals whether the architecture 
preserves structure, metadata, source 
context, and the difference between 
conceptual, relational, exact, and live 
knowledge. A single search index over 
everything will degrade under 
operational complexity.

2. How does the system decide what 
kind of execution path a request 
needs?

Shows whether the system can 
distinguish a simple lookup from a 
multi-step workflow, a live-system 
action, or a request that should be 
clarified or escalated. Strong systems 
choose how to operate before they 
respond.

3. What prevents a plausible but 
unsupported answer from reaching a 
user?

Exposes whether validation and 
traceability are built into the request 
flow. A reliable system should be able to 
check whether its claims are supported 
by the evidence it retrieved, attribute 
those claims to sources, and route low-
confidence outputs to clarification or 
review.

The value of these questions comes from 
looking at the answers collectively rather than 
individually. Specific, structured responses 
usually indicate deliberate architectural 
choices. Vague, defensive, or overly model-
centric responses often suggest that important 
decisions have been left implicit.

4. How does the system prepare and 
retrieve knowledge before the model 
generates an answer?

Tests whether the system can 
distinguish retrieval failures, generation 
failures, routing problems, and 
production drift. If logs only track usage 
metrics, teams will miss the failures 
that matter most.

5. How are model choices, cost, and 
quality gates managed in production?

Reveals governance maturity. Mature 
systems do not assume that one model, 
one route, or one cost profile is right for 
every request. They route deliberately 
and require cheaper, faster, or 
automated paths to clear quality 
thresholds before users rely on them.
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Five Questions to Ask 

Ultimately, the systems that earn trust in 
production are usually the ones that retrieve 
the right evidence, coordinate work 
appropriately when requests become complex, 
verify that answers are grounded, measure 
where quality changes, and govern model use 
under real cost and risk constraints. 



These capabilities are largely invisible during 
demonstrations because they become valuable 
only when systems encounter ambiguity, scale, 
and change. 

       

That is precisely why they matter.



As enterprise AI continues to mature, 
competitive advantage will come less from 
access to a particular model and more from the 
quality of the architecture surrounding it. 

The organizations that benefit most will 
not necessarily be those using the most 
advanced model. They will be those who 
build systems capable of choosing the 
right evidence, execution path, validation 
gate, measurement loop, and model route 
for the decision at hand.

The Architectural Decisions That Determine Enterprise AI Quality in Production © Expert Soft, 2026 16



About Expert Soft
Expert Soft is a targeted ecommerce software 
delivery company, partnering with Fortune 
500 companies and global corporations 
across the US and EU. With SAP Commerce 
Cloud and Java as our backbone, we know how 
to ensure scalable and high-performing 
solutions that can handle 1 mln requests per 
second, delivering a smooth customer 
experience. 



Developing a payment engine that saved our 
client about $100 million in operational 
expenses, ensuring multi-country platform 
support, adapting solutions for new market 
entry with tailored enhancements  — these are 
just a few of the challenges our specialists 
tackle.



We aim to deliver more than a software 
system. We aim to deliver tailored solutions 
that maximize profitability within available 
resources. Our success is driven by:


Clients



We work with corporations around the 
world with revenue of over $20 billion 
and 150K+ employees.


Approvals by audits



Our ongoing work with corporations is 
consistently validated through 
rigorous audits, both by internal teams 
and Big 4 consulting firms.


High-level security



Approved by assessments from global 
companies, who are leaders in their 
respective industries.


Budget efficiency



By carefully aligning technology 
investments with your business goals, 
we ensure optimal value and cost-
effectiveness.

Professional team



No offshore outsourcing and our 
team’s average tenure of 4+ years 
means you get seasoned problem-
solvers, not just coders.

Team Strengths

All our engineers 
have a university 
background


Specialists excel 
their skills in our 
training LABs


Perfect 
English skills

Ready to 
help 24/7
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About Expert Soft

Expert Soft Excels In

Payment engine


Microservices architecture



Content management



Redesign

E-commerce platform


Headless commerce



Micro frontends



Migration&Integration


Front-End Back-end
HTML, CSS, JavaScript 
(Angular, React, Vue, 
Next, TypeScript, 
Jquery),  Spartacus

Java EE, Spring, SAP 
Commerce (Cloud), 
Node.JS. 

UX/UI Design Quality Assurance
UX Research, UI Design, 
Figma, Adobe, Sketch

Manual Testing, Test 
Automation

Our 

Tech Core

DevOps
Docker, Kubernetes, CI/
CD

Targeted Domains

Retail Telecom Healthcare

Fintech Wholesale Manufacturing
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About Expert Soft

Shared Paths, Lasting Ecom Victories

Let's talk solutions!

Ekaterina Lapchanka 
Chief Operating Officer

kate.lapsenco@expert-soft.com 

+1 585 4997879 

+371 25 893 015

Pavel Tsarykau 
CEO & Founder 

of Expert Soft 

Let’s connect

LinkedInexpert-soft.com
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